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Abstract This paper considers the coordinated formation
pattern control of multiple marine surface vehicles in the
presence of model uncertainty and time-varying ocean
disturbances induced wind, waves and ocean currents.
Leaderless and leader-follower formation controllers
depending on the information of neighboring vehicles are
devised based on a backstepping technique. Neural net-
works together with adaptive filtering methods are
employed to extract the low frequency content of the model
uncertainty and ocean disturbances. The results are further
extended to the formation pattern control with unmatched
time-varying ocean currents. An observer is developed to
precisely identify the time-varying ocean currents. Then,
observer-based leaderless and leader-follower formation
controllers are proposed. For both cases, the stability
properties of the multi-vehicle systems are established via
Lyapunov analysis, and the formation tracking errors
converge to an adjustable neighborhood of origin. An
advantage of this design is that it results in adaptive for-
mation controllers with guaranteed low frequency control
signals, which facilitates practical implementations. An
example is given to show the performance of the proposed
methods.
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1 Introduction

In recent years, cooperative control of multiple vehicles
has drawn significant attention [1, 2]. Applications of
multi-vehicle systems can be found everywhere; in space,
in the air, on land and at sea. Examples include formation
flight of satellites, coordinated control of aerial vehicles,
formation control of mobile robots and cooperative control
of marine vehicles. Obviously, multi-vehicle systems
enable individuals to collaborate with each other to per-
form difficult tasks, providing enhanced effectiveness and
efficiency than a single one.

During the past decade, there has been considerable
attention drawn to formation control of multiple marine
surface vehicles (MSVs). Various approaches have been
proposed, ranging from virtual structure framework [3],
behavioral approach [4], leader-follower mechanisms [5—
7], to synchronized path following framework [8]. Appar-
ently, these control strategies only result in low-level
cooperative behaviors. However, to execute more chal-
lenging missions, it requires the use of multiple vehicles
working together to achieve a collective objective [1, 2, 9—
11]. For example, a group of MSVs is required to achieve
coverage in a sensor network, where the coverage center
can be only known by a portion of vehicles for security
reasons. They exchange their knowledge by communicat-
ing with a subset of nearby vehicles, in order to achieve the
coverage. Obviously, such motion control scenario cannot
be completed by those formation control strategies men-
tioned above.

A major constraint in a networked system is that the
information flow can be severely restricted either for
security reasons or for limited communication range. This
situation is getting worse when a large lumber of vehicles
are involved in the network. Consequently, centralized
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controllers based on the information gathered by all agents
are generally impractically to implement. Therefore, dis-
tributed control strategies based on neighborhood infor-
mation have been widely explored in the literature [10-24].
These results are elegant. However, note that the agents are
usually modeled as first-order systems [10-13], second-
order systems [14—17], high-order systems [18] and general
linear systems [19-23], which may not be adequate to
describe the practical dynamics of MSVs as they undergo
maneuvers in hazardous sea environment. Hopefully, the
results shed some light onto the formation control of
multiple MSVs discussed in this paper.

MSYV possesses a lot of uncertainty in its dynamics such
as payload variations, unmodeled hydrodynamics and time-
varying ocean disturbances induced by wind, waves and
ocean currents [25]. To deal with this problem, adaptive
control methods have been suggested [26-32]. In [26], a
projection-based adaptive controller is developed for ship
with parametric uncertainty and unknown ocean distur-
bances. In [27], adaptive update laws are devised to esti-
mate the unknown model parameters and bounded
disturbances. In [26, 27], the uncertainty is assumed to be
parametric. By designing the neural adaptive controllers,
references [28-32] investigated the control problem of
surface vehicles with unmodeled dynamics and ocean
disturbances. It is well known that the ocean disturbances
including wind, waves and ocean currents not only contain
low frequency content, but also high frequency content. In
particular, the adaptive methods given in [26-32] try to
learn the vehicle uncertainty at arbitrary accuracy. How-
ever, from a practical perspective, only low frequency
content can be compensated since the high frequency
content is surely outside the bandwidth of actuators [33].
Therefore, it is of practical importance to derive an adap-
tive controller capable of extracting the low frequency
content of ocean uncertainty.

Motivated by the above observations, this paper con-
siders the coordinated formation pattern control of net-
worked MSVs subject to dynamical uncertainty and ocean
disturbances induced by wind, waves and ocean currents.
In the leaderless case, the objective is to drive a group of
MSVs to shape a relative formation pattern via local
interactions. As for the leader-follower case, the objective
is to force a group of MSVs to maintain a relative forma-
tion pattern with respect to a target point. Especially, only a
subset of follower vehicles has access to the reference
point. Neural networks, adaptive filtering and backstepping
techniques are used to devise the formation controllers.
Lyapunov analysis demonstrates that all signals in the
closed-loop systems are uniformly ultimately bounded, and
the formation tracking errors can be reduced as desired. An
extension to the unmatched time-varying ocean currents is
further studied. An observer is developed to identify the
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time-varying ocean currents at the kinematic level. An
example is provided to show the performance of the pro-
posed schemes. The main advantages are twofolds. First,
the proposed scheme results in adaptive formation pattern
controllers with guaranteed low frequency control signals,
which facilitate practical implementations. Second, the
time-varying ocean currents can be identified accurately
and a relative formation pattern can be reached under the
time-varying ocean currents.

In this paper, a practical design method, by combining
neural networks, adaptive filtering and backstepping tech-
niques, is proposed for formation pattern control of MSVs
under hazardous sea environment. The comparisons with
the exiting results are listed as below. In contrast to the
formation controllers proposed in [3-8], the developed
controllers hold a distributed nature in the sense that only
neighboring information is used for feedback design.
Compared with the adaptive controllers for marine vehicles
in [26-32], the proposed adaptive controllers are able to
capture the low frequency content of vehicle uncertainty
and ocean disturbances. Finally, it is worth mentioning that
the ocean currents at the vehicle kinematics are assumed to
be constant in [34, 35], while this paper is the first trial to
deal with the time-varying ocean currents.

This paper is organized as follows. Section 2 intro-
duces some preliminaries and formulates the control
problem. The leaderless and leader-follower formation
controller designs are given in Sect. 3, both with rig-
orous stability analysis. The results are further extended
to the formation pattern control in the presence of time-
varying ocean currents in Sect. 4. Section 5 gives an
example for illustrating the theoretical results. Section 6
concludes this paper.

Notations || -||, || - || and tr(-) denote the Euclidean
norm, Frobenius norm and trace of a matrix, respectively.
Amin(*)> Amax(+) denote the smallest and biggest eigenvalue
of a square matrix, respectively. The Kronecker product is
denoted by ®. Iy is an identity matrix of dimension N.
diag{Aj,...,Ay} denotes a block-diagonal matrix with the
elements A;,i = 1,..., N, on its diagonal; here, A; can be a
scalar or a matrix.

2 Preliminaries and problem formulation

2.1 Preliminaries

2.1.1 Graph theory

Consider a system consisting of N vehicles and a leader. Each
vehicle is assumed to know its own state and has access to the

state information from a subset of the vehicle group called
the neighbor set denoted by N; C {1,...,N} \ {i}. If each
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vehicle is considered as a node, the neighbor relation can be
described by a graph G = {V, £}, where V = {ny,...,ny} is
anode setand £ = {(n;,n;) € V x V} is an edge set with the
element (n;, n;) that describes the communication from node
i to node j. Further, define the adjacency matrix A = [a;] €
RN with the diagonal entries a; = 0, and the non-diagonal
entries a;; = 1, if (n;,n;) € &; a;; = 0, otherwise. Define the
Laplacian matrix L = [l;] with [; = —ay;, if j#1i, and
lj = Zg:l aik, otherwise. If a; = aj; Vi, j; then, the graph G
is undirected. If there is a path between any two nodes of an
undirected network, then the graph G is connected. Finally,
define a diagonal matrix B = diag{by, ..., by} to be a leader
adjacency matrix, where b; > 0 if and only if the ith vehicle
is a neighbor of the leader; otherwise, b; = 0. For conve-
nience, let H =L+ B. The following lemmas play an
important role in design and analysis of the proposed for-
mation controllers.

Lemma 1 [10] Let the graph G be undirected and con-
nected, and at least, one vehicle has access to the leader.
Then, the matrix H is positive definite.

Lemma 2 Let the graph G be undirected and connected;
then, there exist a positive definite matrix P such that

I'Lz = sTPs, ]T

si = ay(zi — 3)-

where z=z1,...,2n] ,8 = [sl,...,sN]T7

Proof The proof details can be found in [12], and thus,
omitted here for brief.

Lemma 3 [37] Let the graph G be undirected and
connected. Then, A»(L)||x —1® Ave(x)|| <x"Lx where
J2(L) denotes the smallest nonzero eigenvalue of L, x =
[x1,...,xy]" € R" and Ave(x) = 3N | x;.

2.1.2 Projection operator

Definition 1 [38] Assume that an unknown 0° ¢ R"
exists 67| <63, with 0y, > 0 and let 0 be denoted by its
estimation. Then, the projection operator Proj : R" — R" is
defined as

¢'(0)¢" (0)y . /
. —————==¢(0), if p(0)>0and¢’(0)y<O0,
boj2) * g Y0 402 0md g0y
v, otherwise,

(1)
where ¢ : R” — R is a continuously differentiable convex
function

0"0 —
0) =——— 2
HO =3t 2 @

where ¥ and g are positive constants with ¥ = 6j,.

¢/(0) = 04/20.

Given 0(0) <4, the projection operator takes the fol-
lowing properties

10(2)]] < Op, V1 >0,
16]] < Op, V1> 0, (3)
0" [Proj(y) — ] <0,

where 0 = 0 — 0%, Oy = 9 + ¢, Oy =29 + &,

Moreover, the definition of the projection operator can
be generalized to matrices as Proj(Y), where ® € R™"
and Y € R™. In this case, it follows from the property (3)
that

tr[(® — @) (Proj(¥) — )] <0,0" € R™™, (4)

where ®* denotes the true value of ©.

2.2 Problem formulation
2.2.1 Vehicle model

To describe the motion of MSV, two reference frames are
used, a local earth-fixed frame and a body-fixed frame, as
depicted in Fig. 1. The components #; = [x;,y;, ;] are the
northeast positions (x;,y;) of the vehicle relative to the
earth-fixed frame and the yaw angle v, relative to the north.
The components of the velocity vector v, = [u,-,,v,-r,r,-]T
are the surge and sway velocities relative to ocean currents
(i, vir) and the yaw rate r;. Here, the fluid is assumed to
be irrotational. Consider a group of N MSVs governed by
the following model [25] with kinematics

ﬁi = R(‘ﬁi)"ir + Vic‘(t)7 (5)
and kinetics

My + Ci(vip)vir + Di(vie)vir + 8i(1;, Vir) = Ti + Tien (1),

(6)
where
cosy; —siny; 0
R(;) = | siny; cosy; O]; (7)
0 0 1
where M; =M! € R3>3, Ci(viy) € R3X3,Di(v[,) e R¥3

denote the inertia matrix, coriolis/centripetal matrix and
T

| e
R? is unknown term including the restoring forces due to
gravity and buoyancy forces, and other unmodeled

damping matrix, respectively; g;(n;, vir) = [giu, &iv, &ir

dynamics; T1; = [‘ciu,riv,‘cir]T € R® denotes the control
. T 3 .
input;  Tien(t) = [Tienu (1), Tieny (1) Tienr (£)]” € R° is  the
resulting environmental force and moment vector due to
wind and waves. Vi(t) = [vi (1), v;5(2),0]" € R® is the
vector representing the time-varying ocean currents.
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Fig. 1 Reference frames: earth-fixed and body-fixed

Remark 1 In the literature, a variety of motion control
concepts has been proposed and validated on the vehicle
model, e.g., dynamic positioning [30], trajectory track-
ing [28, 31], mooring control [29], path following [8,
36]. In fact, this model represents a large number of
marine vehicles in practice. It is should be noted that
most vehicles are underactuated at high speeds and are
forced to maneuver in an energy-efficient manner.
However, this paper aims to shape a relative stationary
formation pattern at the sea surface. Therefore, low
speed operations are enabled and the vehicles consid-
ered are fully actuated.

2.2.2 Control objective

Definition 2 A desired geometric formation pattern is
defined as P={P;} Pi = @ix,l?iwl?n/,]T,
i=1,...,N, and pj, piy, p;, are constants.

where

Without generality, assume  that
27:1 P; = 0,0, O}T, i.e., the center of the geometric pat-

tern P is at the origin of the earth-fixed frame.

losing  of

Remark 2 For simplicity, a static relative formation pat-
tern is considered here, i.e., 751‘ =0.

Define P;; = P; — P;. Then, the control objective is to
design a distributed control law u; to achieve the geometric
formation pattern P, i.e.,

lim [l —n; =Pyl <01, i #J, (8)

where d; is a positive constant which can be made suffi-
ciently small.

In many instances, it is desirable that the formation
pattern center of MSVs arrives at a given reference point
1, € R3. Then, the leader-follower formation pattern con-
trol is to achieve the formation pattern P with a desired
reference point 7,, i.e.,

tligloHnt_nj_Pungéb 17&]7 (9)
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lim

1—00

< ds, (10)

N
ni _
;N n,

where J, and J3 are positive constants which can be made
sufficiently small.

Remark 3 Inequality (9) means that the MSVs converge
to the formation pattern P with bounded errors. Inequality
(10) indicates that the center of the formation pattern
nearly converges to the desired reference point 7,.

The following assumptions are made in the following
controller design.

Assumption 1 The network G is undirected and

connected.

Assumption 2
approximated by a neural network as

ﬁ(%iat) = WlT(t)(pl(Xl) =+ Si(Xi)a le € Da (11)

where W;(¢) is an unknown time-varying matrix satisfying
”Wl(t)”F < Wiy and ||‘/VIHF < Wf]l\,[ with Wy, € R, ‘/Vt(il\/l eR
positive constants; ¢;(y;) : D — R’ is a known vector

. T
function of the form ¢;(x;) = [0 (%), P2 (1), - - -» i ()]
satisfying ||@;|| < ¢;, with @, a positive constant, and D
is a compact set; &;(y;) is the approximation error satisfying
lei ()|l < e With gy a positive constant.

[33] A nonlinear function f;(y;,t) can be

L

Remark 4 In assumption 2, the requirement of constant
NN weight is relaxed by allowing for time-varying NN
weight such that time-varying disturbances can be incor-
porated into the NN approximation.

3 Coordinated formation pattern control

In this section, we first consider the vehicle model with
matched model uncertainty and matched ocean distur-
bances induced by wind and waves, i.e., Vi.(#) = 0. The
unmatched disturbance induced by ocean currents will be
addressed in the Sect. 4.

3.1 Leaderless formation pattern control

In the following, we show that how to use the neural net-
works, adaptive filtering and backstepping [39] techniques
to develop the distributed formation controller. The design
procedure is elaborated as follows.

Step 1. Define two variables

{ z1=n;—Pi,

Zi2 = Vir — i1,

(12)

where a; € R? is a virtual control input. Take the time
derivative of z;;, and it follows that
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Zi1 = Ry + Rizip, (13)

where R; = R(\;).
Then, a distributed kinematic virtual control law o

based on the local information is proposed as follows
o1 = — KR} si, (14)

where K;1 = diag{ki11,ki12, ki3 } is a diagonal matrix with

kil € R, ki1» € R k13 € R being positive constants; s; is

defined as

si = ailn = ;= Py). (15)

JEN
where a;; is defined in Sect. 2.1.1.
Substituting (14) into (13) yields

i1 = —Kusi + Rizin, (16)
_ [T T 1T — [T T 1T _ 1T

Let 2 =z mapl s 2= [E w2l s s=1s1,-0 0

stY, R = diag{R(¥,), .., R(Yy)}, Ki = diag{Ky,...,
Ky1}. Then, the N subsystem (13) with (16) can be
expressed as

21 = — Kis + Rz, (17)

Consider a Lyapunov function candidate

1
Vi ZEZIT(L®13)Z17 (18)

whose time derivative along (17) is given by

Vi =—s'Kis+s"Rz. (19)

Step 2. Taking the time derivative of z; yields

Mizip = — Ci(vip)vir — Di(Viy)Vir — &i(M;5 Vir) + Ti
2 (vir) ' (vie)Vir = &i(i; vir) (20)

+ Tien(t) — Midt;y.

Then, consider the second Lyapunov function candidate
1
Vi =Vi +§Z§MZQ7 (21)

where M = diag{M,,...,My}. Tts time derivative with
(20) is

N
Vio =—s"Kis+ Y _{zh(—Ci(vir)vir — Di(vir)vir

i=1

- gi(nia Vir) + 1+ ‘Cien(t) — Mo + RiTS,‘)}.

(22)

The desired kinetic control law t; is chosen as
1 = —Kpzo — Rl si + fi(13, 1), (23)

where fi(1;,1) = [ (). S () fF (O = Miday + Civie)viy +
Di(Vir)Vir + gi(”ia Vir) - Tien(t) with xi= [1, Ui 77_/'7 Vir, er]T’
JEN; 5 f(-).f(-) and f/(-) denote the uncertainty in

surge, sway and yaw directions, respectively; Kp =
diag{kp, ko, kin3} € R¥? with kppy € R, kipy € R, kpp3 €
R being positive constants.

Note that without the explicit knowledge of
Ci,Di, g;,M;, Tien(1), the controller given in (23) cannot be
available. Then, let f;(y;,?) be approximated by the NN in
(11).

In what follows, a practical kinetic control law is con-
structed as follows

= —Kpzio — R si + Tia, (24)
where 1, = [t¥, 1), r{a]T is an adaptive term designed as

T = W] (00:(1)- (25)
Wi(z) is an estimate of W;(¢) that updated as

Wi(t) = TawProj{—g;(z,)2h + kw [Wir (1) — Wi()]},
(26)

and Wi (t) is a low-pass filter weight estimate of W;(r)

given by

Wi (1) = TiyProj{Wi(1) — Wiy (1)}, (27)

where ky € R, T';y € R, I’y € R are positive constants.
Substituting the control law (24) into (22) yields

N
Vio = —s'Kis — Koo + Y 2 [W (i) — &1,
i=1

(28)

where K, = diag{Klz, .. .,KNQ} and Wi(t) = Wi(t) — Wi(l).
The first result of this paper is stated as follows.

Theorem 1 Consider a networked system consisting of N
MSVs governed by the dynamics (5, 6) with Assumptions
1 and 2 satisfied. Select the control law (24) with the
adaptive laws (26) and (27). Then, all the signals in the
closed-loop system are uniformly ultimately bounded
(UUB), and the formation pattern control errors #; — 1; —
P;; satisfy (8) for some constant ¢; which can be adjusted
to a small neighborhood of origin, provided that

Amin(K2) > 1/2. (29)
Proof Consider the augmented Lyapunov function
candidate
1
1 g
Vi =V + EZI:{tr(WiTrl.WWi) + kWtr(W,;Flf Wif) },

(30)

whose time derivative with (26, 27) and (28) is given
by

@ Springer



1776

Neural Comput & Applic (2014) 25:1771-1783

N
Vi=—s5"Kis— 255Kz + Z{—ZiTzsi + tf{W,-T [<Pi(Xi)ZiT2
=1

FT Wi |+ ke (WIS W) | = [ (W7
+kWWfTr;1> W}
(31)
where W = [WI, .. WI, w= Wl .. Wi", Ty =
diag{I'\wl, ..., Inwl}, Ty =diag{TL, ..., T}, Wy

=Wy - W,
After some manipulations, we have

N
Vi< —s"Kis =25 Kozo + Y {—zher + u{W] [0:(1,)2h

i=1
(W — W) + T Wi b+ ke [ W2 (g
—W, + F&lvf/if)} } — tr[(WTl—“},l

N
e W/ T; )W)

(32)
The property of the projection operator (4) leads to
Vi< —sTKys — ZngZz - ng
T -1 TT -1\ 1i (33)
—tr[(w Ty +ky W T, )W}
where & = [¢7,...,el]"

According to Assumption 2, ¢;, W; and Wi are bounded.
Then, there exist positive constants &, € R, Wy; € R and
W € R such that ||| <ey, ||W|| < Wy and |W| < WE.
Using the projection properties in (3), we further obtain
that there exist positive constants Wy € R such that
W/l < Wy and ||Wy||, <Wy. Using Young’s inequality
yields

1 1
|23e < —IIZz||2+§8§4,
—tr(WIT' W) < (T ) Wit W, (34)
—tr(vi/le“]:1 W) < )vmax(lfgl)WMW,@,

which leads to
Vi< = Janin (KD [Is]7 = [min(K2) — 1/2][|22]* +¢,  (35)

where
1 _ , C\eE
€e=5 leml|* + [max (Ty') + kw Amax (T )] Wi Wiy (36)

Note that either ||s|| > \/€/Amin(K1), or [z2] >
/2¢/[22min(K2) — 1], renders V; <0. It follows that s and
zz are UUB [40]. Moreover, ||s|| is bounded by

||S|| S V E/imin(Kl)
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By Lemmas 2 and 3, we further obtain
1
5 2(L)]lz1 = 1@ Ave(z) I?<s"(P & Iy)s, (37)
which leads to

2)max (P)e€
/12 (L)}vmin (Kl ) ’
(38)

lzi = Ave(z1)[| < lz1 = 1® Ave(z1)[| <

Note that
ln; — n; — Pyl < llzis — Ave(zi)|| + [lzn — Ave(z1) |l
which directly implies (8) with J; taken as

B 2 Amax (P)e€
0= 2 L) K (39)

Note that by increasing K;;, the tracking bound ¢; can be
adjusted very small. This completes the proof. (I

3.2 Leader-follower formation pattern control

In the preceding section, the position center of the forma-
tion is generally not explicit. In practice, it is demandable
for the group arrive at a reference point with a desired
formation pattern. To deal with this case, a distributed
leader-follower formation pattern controller is designed
based on neural networks, adaptive filtering and
backstepping.
Step 1. In this case, define

{qilnipinrv

qi2 = Vir — U2.

(40)

Taking time derivative of g;; along (5) gives
4n = RW:)oi2 + Rigia. (41)

Since only a portion of vehicles has access to #,, the tra-
ditional centralized position tracking control cannot be
applied. Here, a distributed virtual control law a;; based on
the information of neighboring vehicles is proposed as
follows

oan =— KaR! {;, (42)

where K; is defined the same as (14); {; is defined as

N

b= Z[a'i(”i =1 — Py) + bigu], (43)

J=1

where b; is defined in Sect. 2.1.1.
Substituting (42) into (41) yields

g1 = — Kal; + Rigin. (44)
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Let i =gl qfn]'s 2 = [qhy - aln) > (=D 1 & o
1 T Tl
¢(I]". Then, the N subsystem of (44) resulting from { = =V + 22:: {tr (W/ Ty W) + tr<W’-’f'r’f Wlf)}
(H ® I3)q; can be expressed by (53)

G =— Ki(H® L)q1 + Rqa. (45)

Step 2. Taking the time derivative of g;;, we have

Mgy, = — Ci(viy)vir — Di(vir)vir — &i(n;5 vir) + T (46)
+ Tien (1) — Mty .
Consider the following Lyapunov function candidate
1 1
Vo =5 a41(H @ L)gy + 54 Mg, (47)
whose time derivative along (45) and (46) satisfies
V21 = — C K]C + Z {61,2 Vzr)vzr - Di<vir)vir
(48)

— 8i(Ni Vir) + Ti + Tien(t) — Myt + RiTC,')}

Similar to the leaderless case, a practical kinetic controller
is proposed as follows

1 = —Kngin — R G + W] (1), (1,), (49)

where W;() is updated as

Wi(t) = CawProi{ —;(z;)qh + low Wiy (£) — Wi(1)]},
(50)

and Wi (z) is updated as (27); K, I'iw, kw are defined the
same as in (26).
Substituting the control law (49) into (48) yields

N
Vo == UKl — i Kago + Y bW (Di(1i) — &l-
i=1
(51)

Now, we are ready to state the second result of this
paper.

Theorem 2 Consider a networked system consisting of N
MSVs governed by the dynamics in (5) (6) with Assump-
tions 1-2 satisfied, and at least, one MSV has access to 7,.
Select the control law (49) with the adaptive laws (50) and
(27). Then, all the signals in the closed-loop system are
UUB, and the formation pattern control errors 1; — 1; — P;;
satisfy (9) for some constant ¢, and the formation center
arrives at 77, with bounded errors J3 given by (10), provided
that

lmin(K2) > 1/2 (52)

Proof Consider
candidate

the augmented Lyapunov function

Using the adaptive laws (50, 27) and the property of the
projection operator, one has

V< =K~ ¢ Kagy — Zhe — e[ (WT,)!

- N\ (54)
ey W, T7 )W]
Using the inequality
1 1
3¢l < 5 llaall® + 5 (55)

it follows that
V< — ;Lmin(Kl)||C|‘2

with ¢ defined in (36).
Note  that  either IICll > v/€/Amin(K1),  or

llg2]l > /2€/[2%min(K2) — 1] makes V <0. It follows that
{ and ¢, are UUB. Furthermore, ||{|| is bounded by

— [min(K2) = 1/2][l22]1* + ¢, (56)

1<l < (57)

}mm(Kl)

Noting that { = (H ® I5)z; and the fact H is positive def-
inite By Lemma 1, it follows that

€

/lmin (H) ;Lmin (Kl ) ’

implying (9) with J, taken as

lgnll <llq:ll < (58)

€

O =2/
: imin (H)lmin (Kl )

Also, note that
N N
1; Zi:l llqitll
LU < &= 59
1325~ < ==, (59)

which leads to (9) with 03 taken as

€
)Lmin (H) ;Lmin (Kl ) .

This completes the proof. O

03 =

Remark 5 By choosing appropriate parameters Iy, the
adaptive update laws (27) serve as low-pass filters. That is
to say, W,f only contain the low frequency content of W;. In
addition, the adaptive laws (26) try to minimize the dif-
ference between W; and Wjs. As such, the low frequency
control signals are guaranteed.

Remark 6 Compared with adaptive control strategies for
marine vehicles in [5, 7, 26-32], the proposed control
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method takes the following advantage. In [26], a pro-
jection-based adaptive controller is developed to deal
with the parametric model uncertainty and ocean distur-
bances. In [27], standard adaptive update laws are
devised to estimate the unknown model parameters and
ocean disturbances. In [5, 7, 28-32], neural adaptive
controllers are developed to handle parametric model
uncertainty, ocean disturbances and unmodeled dynamics.
In all aforementioned results, the proposed controllers try
to learn the uncertainty at arbitrary accuracy and did not
provide any means for regulating the learning bandwidth
of adaptive terms. However, the devised controllers are
able to capture the low frequency content of the uncer-
tainty and ocean disturbances, while preserve the stability
of whole system, which results in practical implement-
able formation controllers.

4 Coordinated formation pattern control under time-
varying ocean currents

This section addresses the formation pattern stability under
the time-varying ocean currents.

4.1 Identification of time-varying ocean currents

In the following, an observer is developed to precisely
identify the unknown time-varying ocean currents. The
observer is designed at the kinematic level and has a simple
structure. However, extra effort should be made to derive
the stability of the entire system by putting together the
observer and kinetic control law.

From (5), the position dynamics can be described by

{xi = u; cos(y;) + visin(y;) + v (1),
Vi = uisin(y;) + vicos(ih;) + vy ().
Let 0;(r) and 0;,(r) be the estimate of v, (f) and v; (1),

respectively, and then, a local observer is constructed as
follows

)é,‘ = u; COS(lpi) +v; Sin(lpi) + 6ix(l) — Ki1X;,
Vi = wisin(Y;) + vi cos(Y;) + 0, (1) — Ko,

(60)

(61)

where Xx; = X; —x; and y; =y, —y; are observing errors;
ki1 € R and k; € R are positive constants; 0;(r) and 0;(r)
are updated as

{ léix(t) = [y Proj{—x; + kx(lsi)éf(t) — 0ix(1)) },
6!’.\’(0

= iyProj{—y; + ky (0iy
where U;,(1) and ;¢ (1) are low-pass filter weight estimates

62
r (1) = 0y (1))}, o
of 0;(r) and 0;(r) given by
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{ D (1) = Ty Proj {in(1) = D1 (1)}, )
Diyy (1) = iy Proj{0iy (1) — Dy (1)},

where ky € Rk, e R, T, e R, T, e R Ty € R, Ty € R]
are positive constants. The resulting errors dynamics of x;
and y; can be described by

Xi = —KnXi + Uiy, (64)
Vi = —Kiy; + Uiy

where Ujy = Ui — Uiy, and 0;, = 0y — Ujy.
The following lemma plays an important role in estab-
lishing the stability of the closed-loop system.

Lemma 4 For kinematic dynamics (60) with the observer
(61) and the adaptive laws (62, 63) guarantee that the error
signals X;, y;, Uix, U, are UUB.

Proof Consider the following Lyapunov function candidate

N
=S {B+R+ntR

- v Tk Fufvzxf +ky 1—‘ny z)f}

where  Uys = Opp — Ui, and Dy = Dy — gy Its  time
derivative of which along (64) can be described by

N
: 2
V, = { — Ki Xy —

i=1
+ 6iv ()7, + rPl 6[}*) + kygi)fr‘i;fl‘ ljiyf Utx(r + k Fuf )UDC

— 0, (T +k, r,}f)u,)} (65)

Kin Y2 + Ui (% 4+ T3 030) + kO T 1;; Dins

Substituting the adaptive laws into (65) yields

N
V,, = Z { — K”)Ziz — Kiz_)?iz — 6lx(r + k lef)le
i=1

(66)
— 0y (T, W kyl"lvf)n”}

Let 1y = diag{wi1,...,kn1}, Ko = diag{Ki2,...,kn2}s
I'y =diag{l,...,Int, Ty =diag{lyy,....I'n}, T'y =
diag{l"mc, ceey FNxf}, Fyf = diag{l"lyf, ceey FN)f}, X =
- - 1T - e - T L - AT
Fi, v s V=D dn] s O =[O 0w

by = [B1y, - - ., Oy "> and it follows that

Vo< —# i — 500y — (00T, + k)i,

(67)
— (0] T, + k0 T vy
The projection operation leads to the following bound

| — (TT ! + ke fx L0l < amax (T1) + ke Zmax (D )] 0ar vy
| — (UF + kyb vfy v )uy\g[/Lmax

where Uy € R, Oy € R, UfM € R, v;jM € R are positive
constants. Finally, one has
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Vo S - /Ahmin(Kl)jE2 - /lmin(KZ))N]Z + €0,

with €, = [Amax (T _1)+ Ky Amax (T o )]vandM + [)vmax(l“}fl)
+k, )Lmdx( )]U}MU . Note that X > \/€,/Amin(x1) and

v > e/ Amin(K1) renders V, <0. It follows that £ and y
are UUB. The projection operator ensures that the weights

Uy and 0, are contained in compact sets for all ¢, which
implies that v, and v, are UUB. The proof is complete. [

Remark 7 The advantage of using an observer rather than
using a direct adaptive control method to identify the ocean
currents lies in the fact that it separates the estimate loop
from the control loop, which enables an accurate and fast
learning. This will be demonstrated in the simulation part.

Remark 8 1In [34], an observer is proposed to identify
constant ocean currents. In [35], a direct adaptive method is
employed to identify the constant ocean currents. This
paper, to our best knowledge, is the first trial to deal with
time-varying ocean currents.

4.2 Leaderless formation pattern control

In this case, taking the time derivative of ¢;;, one has
Zit = Rioyiy + Rizip + Vie(2). (68)

Then, a distributed kinematic control law «;; based on the
local information is proposed as follows

o1 = — KilRl-TS,- — Rl-TViC(l‘). (69)

where V. = [0, 13,-y,0}T.

In essence, the left controller design follows the back-
stepping technique, and thus, omitted here for brief. The
kinetic controller is directly taken as (24).

In summary, the leaderless formation controller under
time-varying ocean currents is constructed as follows.

Control laws:

= W (1)gi(x;) — Knzia — Rl s,
—KiR!s; — RT'V,.(1),

£=u cos(;) + visin(y;) + 0i () — knXi,

¥; = wisin(y;) + vy cos(Y,) + Dy (1) — K23,

X1 =

(70)

Adaptive laws:

=LiwProj{ —; (1;)zh +kw Wi (1) = Wi (1)]},
( ) =T yProj{ Wi(r) — Wy (1)},
=T, Proj{—%;+k: (n,xf(z)fu,x(t))} (71)
=iy Proj{ =3 +ky (i (1) = 03y (1))},
LirProj{0:(f) — iy (1) },
iy Proj{ vy (1) — Diyr (1)}

lfixf(t )=
Oiyy (1) =

The resulting closed-loop network system can be described
by

g = —Kisi + Rizai — Vie(1),

Mizp = — Rl si + W (0)o;(1;) — &0

Xi = —Ki1X; + Uiy,

—Kpzip

Vi = —Knd; + Dy

where Vi (1) = Vie(t) = Vie(2).
It is the position to state the third result of this paper.

Theorem 3 Consider a networked system consisting of N
MSVs governed by the dynamics (5, 6) with Assumptions
1 and 2 satisfied. Select the control laws (70) with the
adaptive laws (71). Then, all signals in the closed-loop
system are UUB, and the formation pattern control errors
n; — 1; — Py satisfy (8) for some constant J,, provided that

Din(K1) > 1/2, Jin(Ka) > 1/2,

Amin (K1) > 1/2, Amin(x2) > 1/2. (73)

Proof Take the following Lyapunov function candidate

Vi=Vi+V,, (74)
whose time derivative along (72) and (71) can be put into
V3 = —STK1S — ZgKZZQ — STVC - ZZTS — tr[(WTF;V'

+ kwW/ T W] = &% — 5oy — (01T, (75)
+ kO T e — (0] T, + k05T vy
Using Young’s inequality, it is easy to verify that
2
- [imin(KZ) - 1/2] ||Z2||
= [min(1e2) = 1/2]|13]* + &,

Vs < = [nin (K1) = 1/2]s]I*
= [min (1) = 1/2]]13]°

with €, = € + ¢€,.
Using (73) and noting that either |s|| >

\/Gs/[/lmin(Kl)—l/% or lz2ll > v/es/ [Amin(K2) — 1/2],
o |l > Vel =172, o 5] >
\/ €s/[Amin(x2) — 1/2] renders V5 <0, it follows that s, z,

X, y are UUB. Using inequality (37), it follows that ||z; —

1® Ave(z))|| < Wm Similarly, we can derive

that (8) is satisfied with 0, taken as

B 2 max (P)€s
o= # T2 D) e (K1) — 1721

which can be reduced as desired. This completes the proof. [

(76)

4.3 Leader-follower formation pattern control

In this case, taking the time derivative of ¢;; yields

G = Riip + Rigin + Vie (1), (77)
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Then, a distributed kinematic control law o;, is proposed as
follows

Uy = — llR Cl RT zc() (78)

Similarly, the leader-follower formation controller under
time-varying ocean currents is summarized as follows.
Control laws:

=W (0)oi(1;) — Kingin —
o = —Ky R — RTVi (1),
x; = u; cos(;) + vi sin(y;) + D (1) —
¥i = i sin(y;) + vicos(y;) + Dy (1) —

Adaptive laws:

R,'TCia
3 (79)
Ki1Xi,

KiZyﬂ

Wile) = T Proj{—@:(1,)ah + kW (1) = Wi(0)]},
Wi (1) = TProj (W(1) — Wy (1)),

O (t) = TieProj{—%; + ke (Diy (£) —

0 (1) = TiProj{ 3, + ky (O (1) -

D () = T Proj {0 (1) — v f(t)},

iy (1) = Ty Proj{0iy (1) — Dy (1)}.

The resulting closed-loop network system can be described
by

(1))} (80)

t

dn = —Kuli + Rigai — Vie(t),
Migi, = —Kngin — RI G+ W (0 0,(1:) — &, (81)
X = —Ki%i + O,

)L)i = —Kpy; + Uiy
The following theorem states the fourth result of this paper.

Theorem 4 Consider a networked system consisting of N
MSVs governed by the dynamics in (5, 6) with Assumptions
1-2 satisfied, and at least, one MSV has access to 7,. Select
the control laws (79) with the adaptive laws (80). Then, all
the signals in the closed-loop system are UUB, and the
leader-follower formation pattern control errors satisfy (9)
for some constant J, and the formation center arrives at 7,
with bounded errors d3 given by (10), provided that

Amin (K1) > 1/2, 2min(K2) > 1/2

Zmin(K1) > 1/2, Zimin (12) > 1/2. (82)

Proof Following the same steps as in proving the Theo-
rems 2 and 3, the stability of multi-vehicle systems can be
established by taking the Lyapunov candidate
V4 = V3 4+ V,. The proof details are omitted here for brief.

5 An example

Consider a networked system that consists of five vehicles
whose model parameters can be found in Table 1 [36]. Let
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the information topology among the five vehicles be given
by Fig. 2. We first consider the leader-follower formation
pattern control case without ocean currents. Next, we
consider the leader-follower formation pattern control
under time-varying ocean currents.

5.1 Case 1: leader-follower formation pattern control

In this case, the pattern controller given in Theorem 2 is
applied. The control parameters are selected as follows
K;; = diag{0.2,0.2,0.2}, K;» = diag{75,22,68.4}, I';y =
1000, T'yy =2, kw = 0.1. The NN activation function is
chosen as ﬁ The desired formation pattern is set to
Pi =[-0.7,0,0]", Py = [-0.7 cos(72°), 0.7 sin(72°), 0]",
Py = [—0.7cos(72°), —0.7sin(72°), 0]", P4 = [0.7cos
(36°), 0.7sin(36°), 0], Ps = [0.7 cos(36°), —0.7sin(36°),
0"

Let the MSV 2 have access to a series of way-points
= {(=1,-1,0)",(0,0,45)", (1,1,45)", (2,1,0)",
(3,1,0)", (4,1,0)",(5,0,—45°)", (6, —1,—45°)"}. Simu-
lation results are provided in Figs. 3, 4, 5 and 6. Figure 3
shows the entire formation geometries of the five MSVs
with information-exchange given by Fig. 2. It can be
observed that a star formation is well maintained. Figure 4
plots the uncertainty and outputs of NNs associated with
the MSV 1. It can be seen that only the low frequency
content of the uncertainty can be learned by NNs. Figure 5
shows the approximation profile under different frequen-
cies of disturbances. It reveals that the learning errors do
not increase as the frequency of uncertainty increase.
However, the high frequency content will be filtered by the
developed adaptive laws. Figure 6 shows the boundedness
and smoothness of control signals.

Table 1 Model parameters

Parameters Value

miy 25.8

miz 33.8

mp3 = m;3 1.0115

Ci13 = —Mm;3| —33.8v-1.0115r

Cin3 = —M;32 25.8u

din 0.72 + 1.33|u| + 5.87u?
dix 0.8896 + 36.5|v| + 0.805|r|
dip3 7.25 + 0.845[v| + 3.45|7|
dinn 0.0313 + 3.96|v| + 0.130]r|
dj33 1.90 — 0.080|v| 4 0.75|r|
8iu 0.0279uv? + 0.0342v*r

8iv 0.0912u%v + 0.0232ur

8ir 0.0156ur> + 0.0278urv’
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Fig. 2 Communication topology

5.2 Case 2: leader-follower formation pattern control
under time-varying ocean currents

We start with introducing an ocean current model for
simulation. The model for ocean currents in two dimen-
sions is characterized by its velocity V,.(¢) and earth-fixed
direction (7). In the earth-fixed frame, the current model
is described by

Ux(£) = Ve (1) cos B (2); vy(1) = Ve (t) sin B (2). (83)

For simulations, the ocean current speed V,.(¢) and direc-
tion f.(f) can be generated by using first-order Gauss-
Markov processes

Vie (1) + 01 Vo (1) = wi(0); B.(1) + 028.(1) = wa(1);
(84)

where w; (i =1,2) are zero-mean Gaussian white noise
processes and o; (i =1,2) are constants. A saturating
element is used in the integration process to limit the
current speed to Vipin < Ve (7) < Vipax With Vi = 0.18 and
Viax = 0.22. The direction of the current is fixed by
specifying a constant value for §, = 45°. As for the model
introduction of ocean currents, the readers are referred to
[41]. In this case, the pattern controller given in Theorem 4
is applied the group. The control parameters are selected as
the same as above; others are chosen as I'yy =T =
100, ' = Iy = 2,k = ky = 0.1. The desired formation
center is set to 7, = {(2,—1,0°)", (5,1,45°)"}. Simulation
results are shown in Figs. 7, 8, 9 and 10. Figure 7 shows
that the formation pattern cannot be stabilized due to the
time-varying ocean currents. By contrast, Fig. 8 demon-
strates the formation is well maintained by the proposed
observer-based formation controller. Figure 9 verifies that
the time-varying ocean currents can be identified accu-
rately by the proposed observer. Figure 10 demonstrates
the formation pattern transition from one to another under
time-varying ocean currents.

6 Conclusions
This paper considered the coordinated formation pattern

control of multiple marine surface vehicles in the presence
of dynamical uncertainty and ocean disturbances induced

Fig. 3 Formation trajectories

~o 20 40 60 80 100 120 140 160 180

o 20 40 60 80 100 120 140 160 180

™ 'll”IMﬂ"'!lmN"mll“lﬂ*

1 . . . . . . . . .
0 20 40 60 80 100 120 140 160 180
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Fig. 4 Approximation of NNs corresponding to MSV 1

19 —035|n(t)

T \/’

0 20 40 60 80 100 120 140 160 180

2 T T T

0 T, gy =0-38iN(10) r:a
=z

< L i

4 L L L L L L L L L

0 20 40 60 80 100 120 140 160 180

2 T T T T T T T T

0 T, gy =0-38in(100t) r;a
Z

< i

4 L L L L L L L L L

0 20 40 60 80 100 120 140 160 180
Time (s)

Fig. 5 Approximation comparisons under different frequencies of
disturbances

by unknown wind, waves and ocean currents. Neural net-
works, adaptive filtering and backstepping techniques are
employed to develop the distributed formation pattern
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Fig. 6 Control effort in each direction corresponding to MSV 1
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Fig. 8 Formation trajectories with observer (+ = 120 s)

controllers, under which a stationary formation can be
reached for any undirected connected graphs. Lyapunov
stability analysis demonstrates that all signals in the closed-
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Fig. 9 Estimation of ocean currents (evy, denotes the estimate of v,;
evyy denotes the estimate of vy,)

Fig. 10 Formation transition

loop systems are uniformly ultimately bounded. The main
advantage lies in the fact that the proposed control scheme
leads to adaptive formation pattern controllers with guar-
anteed low frequency control signals, which facilities the
practical implementations under hazardous sea environ-
ment. Simulation results showed the efficacy of the pro-
posed cooperative controllers. Future works include
extensions to distributed formation pattern control in the
presence of unmeasured velocities, input constraint, mea-
surement noises and communication delays. So far, these
problems have not been well addressed due to technical
obstacles.
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